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Abstract: 10 
The risk of fire spread in informal settlements is significant and can be analysed as a function 11 
of the spatial arrangement of dwellings. Spatial metrics representing density and shape of 12 
dwellings are proposed as a method to identify settlements at high risk of fire spread. LiDAR 13 
data is used to map dwelling roofs for informal settlements in the City of Cape Town, South 14 
Africa. The LiDAR roof dataset is validated against a visually interpreted dataset digitized 15 
from 6 cm resolution aerial photography and is found to have an overall completeness and 16 
correctness accuracy of greater than 75% with systematic underrepresentation of roofs in the 17 
LiDAR dataset. Correlation analysis of metrics derived from the LiDAR dataset and the 18 
reference dataset indicates that only the edge density and landscape density metrics could be 19 
applied with confidence to all the settlements. These two metrics are then applied to the 20 
informal settlements of Kosovo and Imizamo Yethu. A high landscape density in 21 
combination with a low edge density is found to be indicative of fire spread risk. This study 22 
represents a first step in the development of spatial metrics for understanding informal 23 
settlement fire spread risk.  24 
Keywords:  Spatial metrics, LiDAR, informal settlements, fire spread risk, Geographic 25 
Information Systems, landscape density, edge density. 26 
1. Introduction 27 
Informal settlements (also sometimes referred to as slums, favelas, shanty towns) are at a 28 
significant risk of frequent and large fires affecting thousands of homes and people [1]. These 29 
fires have not been well studied in the past and thus little quantitative data on the controlling 30 
mechanisms and fire spread, and hence the characteristics of the settlement which control 31 
these, are available. Informal settlements are by their very nature unplanned and are not 32 
constructed with fire prevention in mind. Each dwelling unit can potentially be 33 
conceptualised as a discrete fuel package with a range of properties relating to ignition and 34 
fire intensity. 35 
The potential risk of an informal settlement to fire spread can only be properly assessed if the 36 
size and distribution of individual dwellings are known, together with information on the fuel 37 
load. Fire spread between dwellings is a complex process and will depend on the geometry 38 
and characteristics of the dwellings and the settlement organisation. For a large fire where the 39 
length-scale of the fire is greater than the characteristic length-scale of the dwelling, then the 40 




dwellings can be considered as individual fuel packages which are heterogeneous in size and 41 
distribution.  42 
The fire spread mechanism between dwellings has not yet been fully articulated however, 43 
flame radiation, direct flame impingement and fire brands are all considered to be likely. 44 
From these mechanisms it is clear that information on the density, gaps and connectivity of 45 
the fuel packages, together with general spatial heterogeneity, will be important metrics for 46 
determining risk of fire spread. Applying a methodology of assessing the size and distribution 47 
of dwellings, requires quantification of the spatial metrics of the dwelling arrangements to 48 
assess how the fire will develop beyond the dwelling of origin. Thus metrics which consider 49 
size of dwellings and gaps / nearest neighbours should be considered and thus geographic 50 
datasets of dwellings as individual/discrete objects are required. Object level geographic 51 
information of informal settlements is difficult to obtain as the high density of structures, 52 
overlapping of roofs and heterogeneous composition restrict automatic spatial separation of 53 
individual structures and approaches tend to be limited to visual interpretation [4]. In a 54 
review, Hofmann et al. [5] state that although object based image analysis (OBIA) techniques 55 
are suited to object extraction for informal settlement mapping, the variance of performance 56 
is large. On the other hand, although labour intensive, visual interpretation is still favoured by 57 
some and produces reliable results [5]. In this paper, the objects of interest are individual 58 
dwellings. 59 
The City of Cape Town systematically captures Very High Resolution (VHR) (6 – 8 cm) 60 
aerial photography annually and makes this available online via a map server [6]. With this 61 
VHR photography freely available, a reference dataset can be captured through visual 62 
interpretation, against which subsequent mapping techniques at object level can be assessed. 63 
The City of Cape Town also has a LiDAR capture programme carried out at a 4-year interval. 64 
Two LiDAR capture missions have been carried out since inception in 2012 with the most 65 
recent taking place in 2016. The range in object based image analysis mapping accuracies, 66 
together with the availability of LiDAR data, open up the opportunity to assess the suitability 67 
of LiDAR for mapping individual dwellings in the City of Cape Town informal settlements. 68 
The accuracy of LiDAR mapped dwelling footprints in informal settlements can be assessed 69 
against a reference dataset digitised through visual interpretation of the VHR aerial 70 
photography by considering the method of area overlap and the quality of data completeness 71 
[7]. Furthermore, since the purpose of mapping the dwellings is to ascertain their location and 72 
distribution which in turn will enable understanding the fire spread risk of a settlement, the 73 
accuracy of LiDAR derived spatial metrics can be assessed against the spatial metrics derived 74 
from the reference dataset. 75 
Spatial metrics vary in the kind of patterns they are suited to detect, and broad, often 76 
overlapping, metrics can be used to describe patterns found within a landscape [8] and can 77 
potentially quantify complex and interrelated spatial patterns into one or two variables and 78 
detect patterns of change [9]. Object based spatial metrics will be research objective specific, 79 
selected based on their value to quantify the specific landscape characteristic under study 80 
[10]. Therefore spatial metrics employed for fire spread risk assessment must represent the 81 
mechanisms of fire spread in informal settlements and an understanding of fire dynamics in 82 
informal settlements is essential to achieve this goal. These spatial metrics could then be used 83 
as a mechanism to inform potential changes to the structure of the settlement (i.e re-blocking 84 
to increase road widths to act as fire breaks and access routes for fire services) to mitigate the 85 
spatial aspects of fire spread risk. This would obviously have to be conducted in a co-86 
developed way through local community stakeholders and municipalities to ensure that the 87 
plans were implemented effectively and sensitively to the local inhabitants wants and needs, 88 




as well as the requirements of other service providers (i.e. fire service, water companies etc.). 89 
The spatial metrics findings in this paper could therefore be used as part of that co-90 
development and other aspects such as energy use and supply, construction materials, open 91 
spaces etc. should also be involved in such discussions. 92 
The aim of this paper is thus fourfold: (1) To propose spatial metrics useful for determining 93 
fire spread risk in informal settlements; (2) To assess the completeness and correctness of a 94 
LiDAR dataset of dwellings mapped in Cape Town informal, (3) To determine the suitability 95 
of the LiDAR derived dwelling dataset for the proposed spatial metrics; and finally (4) By 96 
way of discussion to apply the spatial metrics to the settlements of Kosovo and Imizamo 97 
Yethu, two settlements with a known history of fire. 98 
2. Study area 99 
Situated in the south-western corner of South Africa (Fig. 1) and home to over four million 100 
people, the city of Cape Town is South Africa’s second most populous city after 101 
Johannesburg and Africa’s tenth most populous city [11]. Housing in informal settlements 102 
does not mimic the formal environment as by their very nature, there are no official state 103 
approved plans for these settlements. As a result, construction of dwellings is driven by 104 
available space and the cost of material, often resulting in dwellings constructed from cheap 105 
or recycled building materials. Due to competition for space, homes can be built very close 106 
together with little or only very narrow access paths. Some settlements are less densely 107 
constructed but these tend to be the newer settlements located further away from the city and 108 
places where there is little economic opportunity. Imizamo Yethu and Kosovo are both 109 
settlements with a history of extensive fires and are described in Gibson et al. [12]. Kosovo 110 
has experienced at least five fires impacting more than 12 dwellings since September 2016. 111 
Imizamo Yethu experienced a very large fire on 17 March 2017, described by Kahanji et al 112 
[13] which killed four people and displaced nearly 10 000.  113 
 114 
Fig.1. City of Cape Town extent showing distribution of informal settlements and location of 115 
Imizamo Yethu and Kosovo. 116 




3. Material and Methods 117 
3.1. Proposed spatial metrics 118 
Spatial metrics in this context can be broadly divided into three categories. First, metrics 119 
indicating density or proximity of structures, secondly, metrics which represent the shape of 120 
structures and thirdly those representing the size (area) of structures. A variety of metrics can 121 
describe each of these categories but in the interests of space, only two metrics for each 122 
category will tested in this paper. However, the metrics representing the size of structures are 123 
not considered due to inadequacies in the reference dataset.  124 
3.1.1. Dwelling density/proximity 125 
Dwelling density, proximity and overcrowding are thought to be the controlling factors for 126 
conditions of fire spread in informal settlements [14], [15], [16]. Although litter and 127 
vegetation between dwellings and fuel stored outside dwellings can exacerbate fire spread, 128 
the largest fuel load within a typical settlement is found in the contents of dwellings and in 129 
the construction materials of dwellings themselves. It stands to reason that settlements with a 130 
high dwelling density will likely have a higher fuel load per unit area (although the 131 
relationship may not be linear) and dependent on the spatial arrangement of the fuel load, a 132 
higher risk for fire spread between dwellings.  Spatial metrics capturing this characteristic of 133 
informal settlement layout should therefore be an indication of fire spread risk. 134 
Dwelling density can be assessed in two ways (Fig. 2): as landscape density (PLAND) 135 
defined as the landscape covered by dwellings (m2) divided by total landscape area (m2), 136 
expressed as a percentage; or as patch density (PD) defined as the number of dwellings per 137 
unit area converted to number of dwellings per hectare.  The landscape area (for PLAND) 138 
will be study dependent as it may be of interest to understand density at settlement scale, 139 
block scale or small neighbourhood scale. If households are individually captured, where one 140 
polygon equates to a single dwelling, then PD on its own may be a useful metric. However 141 
where the close proximity of dwellings to each other results in multiple dwellings being 142 
captured as a single polygon, the usefulness of this metric on its own is limited.  143 
a) Landscape area (PLAND) equals sum of area of all 
dwelling footprints divided by the settlement area as 
percentage 
b) Patch density (PD) equals count of dwellings divided 
by settlement area converted to count per hectare. 
Example = 901/1589*100 = 56.7% Example = 27/1589 * 10000 = 170 dwellings / ha 
  
Fig. 2. Illustration of a) PLAND where the sum of the area of all dwellings (individual 144 
dwelling area (m2) labeled) equals 901 m2 and the settlement area is 1589 m2,  and b) PD 145 
where the number of dwellings equals 27 and the settlement area equals 1589 m2, spatial 146 
metrics using a hypothetical settlement. 147 




Landscape density (PLAND) in isolation indicates the total area occupied by dwellings but if 148 
considered in combination with Patch density (PD), further insights into the settlement layout 149 
may be deduced. For example, if two settlements (A & B) with high PLAND are compared, 150 
and one settlement (A) has high PD and the other (B) a low PD, it may be deduced that either 151 
A is comprised of individual dwellings which are smaller than those found in B, or dwellings 152 
in B are built in close proximity to each other and multiple dwellings have been mapped with 153 
a single polygon. Thus examining PD and PLAND in combination can offer further insights 154 
into the spatial characteristics of settlements than by would be obtained by considering the 155 
individual metrics in isolation.  156 
Dwellings are often built in very close proximity to each other with separation between them 157 
on the order of centimetres. There is little, if any, adherence to building codes and walls are 158 
often built from, or lined with, combustible material. Dwellings in close proximity to the 159 
dwelling of origin therefore ignite quickly through direct flame impingement or flame 160 
radiation and it can be assumed that the adjacent dwelling will be ignited if the projected 161 
flame length is greater than the distance between dwellings [17]. As a result, settlements in 162 
which dwellings are closely bordered by other dwellings will be at higher risk of fire spread 163 
than settlements with larger separation distances between dwellings.  164 
Euclidian mean nearest neighbour distance (ENN_MN) is the sum of the shortest Euclidean 165 
distance between a dwelling and its nearest neighbour for all dwellings in an area of interest 166 
divided by the number of dwellings in the area of interest with the measured distance based 167 
on shortest edge-to-edge distance (Fig. 3). This spatial metric should be considered together 168 
with Euclidian nearest neighbour distance standard deviation (ENN_SD).  169 
a) Point on dwelling footprint at which it is closest to 
its nearest neighbour 
b) Lines connecting dwellings at their closest point 
with nearest neighbour (NN) distance. 
Euclidian mean nearest neighbour distance 
(ENN_MN) equals the sum of all distances* divided 
by number of dwellings. 
 
Example ENN_MN = 16.7/27 = 0.62m 
  
*Note that if two dwellings are each other’s nearest neighbours, the distance between them is included 170 
twice. This is to ensure that the number of distances equals the number of dwellings. 171 
Fig. 3. Illustration of Euclidean mean nearest neighbour distance (ENN_MN) using a 172 
hypothetical settlement as example a) dwellings showing the points at which each dwelling is 173 
closest to its nearest neighbour (labels in black are the dwelling ID, labels in red are the 174 
dwelling ID of the nearest neighbour. and b) Nearest neighbour (NN) vectors illustrating 175 
direction and magnitude with the location of the NN distance displayed as the NN connecting 176 
line and the length of the line labelled in red. 177 




These two metrics analysed together can give an indication of both how far away from each 178 
other dwellings are located on average but also the variance in proximity. Thus a low 179 
Euclidean mean nearest neighbour (ENN_MN) with a low Euclidian nearest neighbour 180 
distance standard deviation (ENN_SD) may indicate a settlement at high risk of fire spread 181 
but a settlement with low ENN_MN with a higher ENN_SD may indicate portions of the 182 
settlement are at high risk but other portions may not be particularly risky. Since the nature of 183 
the nearest distance relationship can vary from for example, corner to edge, edge to edge 184 
(with or without openings), or corner to corner, each with differing fire spread characteristics, 185 
the use of the nearest neighbour is not considered further in this this paper. Furthermore, the 186 
ENN_MN as a vector (direction included) may offer more insights into fire spread risk, 187 
particularly if this is considered together with the wind direction during a fire event.  Thus 188 
Landscape density (PLAND) and Patch density (PD) are used to represent dwelling 189 
density/proximity in this paper. 190 
3.1.2. Dwelling shape 191 
Once a dwelling is alight, the openings of the dwelling (which generally feature little, if any, 192 
internal compartmentation) will dictate the heat release rate of the fire and the fuel load will 193 
influence the duration of the fire. Typical fuel loads for an informal settlement dwelling are 194 
estimated at 321 MJ.m-2 [15]. The risk of spread arises from the boundary (or perimeter) of a 195 
dwelling where flames are ejected from windows, doors, gaps in wall panels, radiation from 196 
the dwelling walls and on the potential collapse of the dwelling. The risk of fire spreading 197 
both from and to a particular dwelling is thus a function of the perimeter and the fractal 198 
dimension (perimeter area relationship) of a dwelling. 199 
Edge density (ED) and Fractal dimensions (FD) are spatial metrics which could help assess 200 
dwelling shape as an indicator of fire spread risk (Fig. 4). ED sums of the lengths (m) of all 201 
edge segments of dwellings in a settlement divided by the total area of an informal settlement 202 
(m2), multiplied by 10000 (to convert to hectares) whereas FD considers the relationship of 203 
perimeter to area by dividing the sum of all edges by the sum of all roof areas in a settlement. 204 
Thus ED does not describe the shape of individual dwellings but rather provides an indication 205 
of the planes on to or from which fire can spread. On the other hand FD can be seen as a 206 
metric indicating the combination of fuel load (if related to area) and spread mechanism (via 207 
an edge). 208 
a) Edge density (ED) = sum of all dwelling perimeters 
divided by the settlement area  
b) Fractal dimension (FD) = ratio of sum of 
dwelling perimeters to sum of dwelling areas 
Example = 668.2/1589 * 10000 = 4205 m/m2 Example = 668.2/901.6 = 0.74 
  
Fig. 4. Illustration using a hypothetical settlement to demonstrate the calculation of a) Edge 209 
density (ED) where 668.2 is the sum of all dwelling perimeters in the settlement area 210 




(perimeter of individual dwellings labeled in black) and b) Fractal dimension (FD) where 211 
668.2 is the sum of all dwelling perimeters in the settlement areas and 901.6 is the sum of all 212 
dwelling areas (labelled in red) in the settlement area. 213 
3.2. LiDAR roof mapping 214 
The remote sensing of informal settlements has been reviewed most notably by Kuffer et al. 215 
and Mahabir et al. [5,18]. When mapping objects in these environments the reported accuracy 216 
is highly variable [5] with the segmentation process remaining a challenge with few 217 
automated methods being reported [18]. This study takes a different approach in that the 218 
complementary advantages of integrating Light Detection and Ranging (LiDAR) data with 219 
very high resolution (VHR) aerial imagery provides a useful strategy to extract building roof 220 
outlines [19]. LiDAR provides a measure of the distance from the sensor (in this case on an 221 
aerial platform) to a target by illuminating the target with laser light and measuring the 222 
reflected return. The VHR aerial imagery provides spectral information to help separate trees 223 
from dwellings, while the LiDAR data provides elevation information to differentiate low 224 
lying objects from potential dwellings. A strategy termed ‘classification by elimination’ is 225 
adopted in a semi-automatic object based image analysis (OBIA), where objects of non-226 
interest are classified as soon as detected, leaving the desired object (dwellings) as the last 227 
object to be classified. A workflow diagram of the dwelling roof extraction is shown in 228 
Fig. 5. 229 
 230 
Fig. 5. Workflow diagram for extraction of dwelling roof outlines.  231 




The segmentation process forms the basic foundation for any OBIA. Therefore, a multi-scale 232 
segmentation technique based on region merging is carried out, with the VHR imagery bands 233 
assigned equal weights in the segmentation process [20]. Using the elevation information 234 
from the LiDAR data and a height threshold of 1m, all low-lying objects are merged to clean-235 
up the segmentation result.  236 
The Green Chromatic Coordinate (GCC) index is then created to detect and classify the trees. 237 
The GCC index is calculated by dividing the green band of the VHR imagery with the mean 238 
of all the three bands (G / (R + G + B)) [21], where R is red, G is green and B is blue. A 239 
similar approach is used to detect and classify the shadowed area, by creating a shadow 240 
index. Subsequently, the low-lying objects already detected and merged are classified as 241 
ground areas. With the ground areas, shadows, vegetation and trees successfully detected and 242 
classified, the remaining image objects are the dwelling roofs.  243 
The last step in the dwelling roof extraction process involves classifying the roof objects, 244 
cleaning up the dwelling roof classification, converting the roof image object to vector 245 
polygons and exporting it in a shapefile format for use in the spatial metric analysis. 246 
3.2.1 Validation techniques 247 
The study area for this research is informal settlements made up of 55 discontiguous 248 
polygons spread across the City of Cape Town covering a total area of 889 hectares. It is 249 
known that there can be large variation (building material, size of dwellings, typical dwelling 250 
design and density) both between and within informal settlements so any validation method 251 
would need to ensure that the subset validated is representative of the cross-section of 252 
variation. A stratified (on the basis of the polygon area) random sampling approach was used 253 
to select 185 points of interest thus larger polygons contain more points of interest and small 254 
polygons fewer. Points were buffered by 15 m to create circular areas of interest (AOI) of 255 
707 m2. 256 
Within each area of interest (AOI), roofs of dwellings were manually digitised by an 257 
experienced operator from 6 cm resolution aerial photography captured in December 2013. 258 
The polygons were mapped at a scale of 1:200 and where the distance between roof sheets 259 
resulted in ambiguity with respect to the number of dwellings beneath the roof, the roofs were 260 
mapped as a single polygon. From a fire spread perspective, wall separation on the order of 261 
centimetres is short enough to allow flame impingement and therefore will not prevent fire 262 
spread and thus the decision was taken to map roofs beneath which the number of dwellings 263 
was ambiguous as a single polygon. The manually digitised visually interpreted ArcGIS 264 
polygon shapefile serves as the reference dataset against which the LiDAR mapped roofs are 265 
validated. 266 
Two separate techniques are used to assess the accuracy of the LiDAR roof dataset: (1) a 267 
completeness and correctness analysis and (2) a measure of the area of overlap between the 268 
two datasets. 269 
The completeness of the dataset (also known as the Producer’s Accuracy) is the percentage of 270 
entities in the reference which were detected whereas the correctness (User’s Accuracy) 271 
provides an indication of how well the detected entities match the reference [22]. The use of 272 
the Producer’s and User’s Accuracies are designed around pixel or point based validation. 273 
From the 185 areas of interest (AOI), 1 point per AOI was randomly assigned to a dwelling 274 
polygon and 1 point per AOI to the background (non-dwelling). 19 AOI’s do not contain any 275 
dwelling polygons in the reference dataset and therefore a total of 166 dwelling points were 276 
created for validation along with 185 background points. True positives (dwelling in LiDAR 277 




roof dataset, dwelling in reference), false positives (dwelling in LiDAR roof dataset, 278 
background in reference), true negatives (background in both LiDAR roof dataset and 279 
reference), false negatives (background in LiDAR roof dataset, dwelling in reference) are 280 
used to determine the Producers and User’s Accuracies and are evaluated in an error matrix 281 
to assess the overall accuracy of the dataset against the reference. Readers are referred to [23] 282 
for explanations of these concepts. 283 
An alternative validation technique when considering polygons, is the method of area of 284 
overlap to establish the quality of a buildings footprint against a reference [24]. In this 285 
method, the two polygon layers are overlaid and true positives, false positives and false 286 
negatives are assessed with respect to proportion of area. A true positive result is the area of 287 
overlap between the two layers, where dwellings are mapped in both the LiDAR roof dataset 288 
and the reference. A false positive, or extra-lap, is where an area is wrongly detected as a 289 
dwelling in the LiDAR roof dataset and underlap is a false negative (dwelling in LiDAR roof 290 
dataset but background in reference). 291 
As per the presence and absence validation, the area of overlap measure is applied to all 185 292 
AOIs to assess common and exclusive areas.  293 
3.3. LiDAR metric suitability 294 
The  spatial metrics for each AOI are calculated in ArcGIS using both the LiDAR roof 295 
dataset and the reference roof dataset. The accuracy of spatial metrics produced from the 296 
LiDAR dataset are validated using correlation statistics to determine which metrics may be 297 
reliably applied to the settlements of Kosovo and Imizamo Yethu to ascertain their use in real 298 
fire prone environments.  299 
4.  Results 300 
4.1. LiDAR roof dataset validation 301 
The LiDAR roof dataset comprises of 62 205 individual polygons across all settlements. 302 
Once clipped to the area of interest (AOI), it contains total of 1340 compared with 1433 303 
polygons in the reference dataset. The completeness and correctness of the LiDAR roof 304 
dataset is assessed against the reference dataset and the results are shown in a confusion 305 
matrix (Table 1). The Kappa Coefficient is a widely used measure of the accuracy of thematic 306 
maps produced from remotely sensed images however it is widely misused since the 307 
requirement of the independence of samples is often not met [25]. Since the “no roof” class in 308 
this research is simply the omission of a roof being mapped, the requirement of independence 309 
has not been met and although a Kappa Coefficient of 0.52 is reported (indicating neither 310 
poor nor good agreement), it should not be the only measure of accuracy.  The confusion 311 
matrix (Table 1) reveals that the Users accuracy of roofs (85.0%) is higher than the Producers 312 
accuracy of roofs (61.5%) with an overall accuracy of 76.6%. Therefore although many roofs 313 
in the reference dataset are omitted from the LiDAR roof dataset (Producers accuracy of 314 
61.5%), the likelihood of a roof being incorrectly mapped in the LiDAR dataset is low (Users 315 
accuracy 85.0%). This implies that the LiDAR roof dataset systematically underrepresents 316 
the coverage of roofs in the AOIs.  317 




Table 1. Accuracy assessment of completeness and correctness of the LiDAR roof dataset 318 
against the reference dataset. 319 
 









No roof 166 64 230 72.2% 
Roof 18 102 120 85.0% 







*One AOI which had roofs mapped in the reference set had no roofs mapped in the LiDAR 320 
set reducing the number of points to 184. 321 
The reference dataset contains a total of 42 582 m2 of roofs as opposed to the 33 825 m2 of 322 
roofs contained in the LiDAR roof dataset (Table 2) with the LiDAR roof dataset thus 323 
underrepresenting roofs by 20.6%. This figure does not however provide the measure of 324 
overlap in the footprints of both datasets. True positives cover 27 894 m2 of a possible 325 
42 582 m2 representing a 65.5% overlap of footprints from both datasets. False negatives or 326 
underlaps where roofs in the reference dataset are not mapped as roofs in the LiDAR roof 327 
dataset comprise 14 688 m2 (34.5%) of all roofs in the reference dataset. False positives or 328 
extra-laps where roofs are incorrectly mapped in the LiDAR roof dataset, comprised 5 931 329 
m2 out of a possible 33 825 m2 (17.6%).  330 
Table 2. Accuracy assessment using measure of area of overlap technique. 331 
  Reference 
Total 









N/A $14688 14688 
Roof (m2) *5931 &27894 33825 
Total (m2) 5931 42582 48513 
$underlap, &overlap, *extra-lap.  332 
This result confirms the completeness and correctness accuracy assessment as it indicates that 333 
although the LiDAR generally underestimates the total area covered by roofs (79.4% of total 334 
roofs in reference dataset), the LiDAR roof dataset is more likely to omit a roof (34.5% 335 
underlap, Producers accuracy 61.5%) than to incorrectly map a roof (17.5% extra-lap, Users 336 
accuracy 85.0%).  337 
4.2. Spatial metric validation 338 
The accuracy of spatial metrics produced from the LiDAR dataset are validated by 339 
calculating the metric for each area of interest (AOI) for both the LiDAR roof dataset and the 340 
reference dataset and basic statistics across all AOIs are shown in Table 3. Scatterplots 341 
(Fig. 6) of the four spatial metrics tested reveal the strongest agreement between the LiDAR 342 
roof dataset and the reference when the Landscape density (PLAND) metric is considered 343 
with the least agreement seen in the Fractal dimension (FD) spatial metric. The coefficient of 344 
determination (r2) for each spatial metric are applied it is found that there is best correlation 345 
in the PLAND and Edge density (ED) spatial metrics (r2 = 0.72 and 0.69 respectively) with 346 
weaker correlation observed in the Patch density (PD) and FD spatial metrics (r2 = 0.40 and 347 




0.12 respectively). It is likely that the outliers visible on the FD graph are contributing to the 348 
weak correlation here. These results imply that only the application of the PLAND and ED 349 
spatial metric should be applied to the entire LiDAR roof dataset as the confidence in 350 
accuracy of the other spatial metrics is low. 351 
Table 3. Basic statistics Patch density (PD), Landscape density (PLAND), Edge density (ED) 352 
and Fractal dimension (FD) of LiDAR and reference roof datasets and their correlation and 353 
error statistics. 354 
 PD* (dwellings 
per ha) 










































r2 0.40 0.72 0.69 0.12 
*Unit of area is the area of the AOI (707 m2). 355 
 356 








Fig. 6. Scatterplot of spatial metrics applied to LiDAR and reference roof datasets a) Patch 357 
density, PD (number of dwellings per AOI), b) Landscape density, PLAND (%), c) Edge 358 
density, ED, d)  Fractional dimension (FD).  359 




5. Discussion 360 
Two spatial metrics derived from LIDAR mapping can be used reliably as they were 361 
validated against metrics derived from a reference dataset. These are Landscape density 362 
(PLAND) and Edge density (ED) and these metrics are now applied to the informal 363 
settlements of Kosovo and Imizamo Yethu (locations shown in Fig. 1). Kosovo has 364 
experienced at least five multi-dwelling fires since September 2016 (Fig. 7. a) and by 365 
dividing the settlement into clearly demarcated blocks, spatial metrics for the settlement 366 
blocks can be compared with metrics for those areas affected by fire. Since the effects of 367 
wind and the firefighting intervention are unknown, absolute conclusions can not be drawn 368 
however trends can be highlighted. It can be seen that when comparing the fire burn scar 369 
metrics to the block metrics, generally fires occur in areas with a high PLAND and a low ED.  370 
The high PLAND matches the expectation that fire will spread in areas with a high dwelling 371 
density however the low ED in area affectied by fire was contrary to expectations since it was 372 
postulated that fire will spread from the edge of a dwelling and thus the more edges in an 373 
area, the higher the likelihood of spread. This perhaps highlights the need to look at spatial 374 
metrics in combination rather than in isolation as another factor is contributing to spread 375 
which was not anticipated. For example, high PLAND with low ED may be indicative of 376 
large dwellings in close proximity to each other. From this observation, it appears that Block 377 
1 is at high fire spread risk. It should be noted at this point that other environmental factors 378 
are known to have an impact on fire spread in informal settlements which are not discussed in 379 
this paper. For example topography, wind speed and wind direction [13] particularly when 380 
considered in relation these spatial metric will have an influencing factor on the fire risk of a 381 
particular settlement. This is not however considered in this paper and remains a topic of 382 
future research.  383 
 
b) 
Settlement block metrics 
 
Block number PLAND ED 
1 73.3 6781 
2 61.2 8541 
3 52.5 10251 
4 55.1 9558 
5 54.6 10619 
6 56.8 8270 
c) 
Fire burn scar metrics 
 
Fire date PLAND ED 
17 Dec 2017 64.8 6070 
~19 Sept 2016 (N) 72.0 4784 
~19 Sept 2016 (S) 66.4 6590 
23 Oct 2018 57.1 5621 
30 Nov 2016 68.0 5132 
Fig. 7. a) Kosovo blocks and known fires since September 2016 with corresponding b) 384 
settlement block and c) fire burn scar  Landscape density (PLAND) and Edge density (ED) 385 
metrics.  386 
In the case of Imizamo Yethu, settlement blocks (Fig. 8. a) and the fire of 17 March 2017 387 
(Fig. 8. b) are considered. Kahanji et al [13] divided the area affected by the fire of 17 March 388 
2017 into fire zones and calculated both the linear and area rate of spread for each zones 389 
based on the observations of fire fighters at the scene. Kahanji et al [13] noted that Zones B 390 
a) 




and C are complicated by the high vegetation cover and the steep slope at this particular part 391 
of the settlement and therefore these zones are excluded from the spatial metrics assessment. 392 
By examining the settlement Block metrics with the results of the Kosovo metrics in mind 393 
(high Landscape density (PLAND), low Edge density (ED) representing higher risk of 394 
spread), it can be seen that settlement Blocks 3 and 4 should represent the highest risk. These 395 
blocks roughly correspond with fire Zones D & E where according to Kahanji et al [13], the 396 
fire was spreading at a linear rate of 55 m/hr and growing in area at a rate of 8300 and 6200 397 
m2/hr  for Zones D & E respectively. By comparison, Zone A had both a lower PLAND and a 398 
higher ED than Zones D and E and it had a reported fire spread rate of 30 m/hr (linear) and 399 
increased in size at 2000 m2/hr. This implies that PLAND and ED together may be indicative 400 
of risk however this would need to be tested on other settlements which have experienced 401 
multi-dwelling fires. 402 
 
c)  Settlement block metrics d)  Fire zone metrics 
Block no PLAND ED Zone PLAND ED 
1 52.6 5558 A 62.9 7125 
2 58.7 6970 B 49.6 5669 
3 64.5 6092 C 56.5 6579 
4 63.6 5792 D 64.9 6636 
5 67.7 6822 E 64.8 6490 
Fig. 8. Imizamo Yethu a) divided in blocks, b) showing fire zones of fire on 17 March 2017, 403 
c) settlement block and d) fire zone Landscape density (PLAND) and Edge density (ED) 404 
metrics.  405 
Kahanji et al. [13] discuss the influence of the wind on the Imizamo Yethu fire as the wind 406 
initially blew upslope in Zone A. It thereafter changed direction and blew downslope in 407 
Zones B – C. Interesting future work could analyse the direction and magnitude of nearest 408 
a) b) 




neighbour vectors together with directional environmental factors such as aspect and wind to 409 
determine if spatial metrics contribute to more dangerous fire spread conditions under certain 410 
environmental conditions.  411 
6. Conclusions 412 
Informal settlements in Cape Town have a history of multi-dwelling destructive fires and 413 
research into the fire spread mechanism and impacts on the rate of spread have been limited 414 
to date. Individual dwellings may be conceptualized as individual fuel packages and thus the 415 
spatial arrangement of these dwellings can help identify areas at high risk of multi-dwelling 416 
fires. However obtaining geospatial datasets of individual dwellings can be time consuming 417 
and expensive. In this paper the accuracy of a LiDAR derived dwelling dataset of informal 418 
settlements in the City of Cape Town is validated against a reference dataset digitized from 419 
high resolution aerial photography. Good agreement is found between the two datasets with 420 
an overall accuracy of 76.6%. Spatial metrics are proposed which represent dwelling density 421 
in the form of landscape density (PLAND) and dwelling density (PD). In addition spatial 422 
metrics representing dwelling shape are proposed as fractional dimension (FD) and edge 423 
density (ED). These metrics are calculated for both the LiDAR and the reference dataset and 424 
a correlation is found between the LiDAR and reference dataset derived PLAND and ED 425 
with r2 of 0.72 and 0.69 respectively. These metrics are applied to the settlements of Kosovo 426 
and Imizamo Yethu in Cape Town, two settlements with a recent history of multi-dwelling 427 
fires. It is observed that areas which have experienced recent multi-dwelling and devastating 428 
fires generally have a relatively high PLAND in combination with a relatively low ED.  429 
This paper has demonstrated a method to create object based datasets of dwellings for 430 
informal settlements using LiDAR data to a high level of overall accuracy. Furthermore, 431 
spatial metrics calculated from the LiDAR dataset, proposed to represent dwelling density 432 
and dwelling shape, correlate well the same metrics calculated using the reference dataset 433 
implying that LiDAR can be used for spatial metric mapping in informal settlements. As the 434 
volume of high resolution imagery continues to grow globally, it follows that methods of 435 
mapping objects (dwellings in this case) will continue to be developed. The findings on 436 
which spatial metrics are indicative of fire spread in one part of the world could be tested in 437 
other regions, particularly those which experience multi-dwelling fires frequently [26]. 438 
Research into spatial metrics and their relation to fire safety therefore has potential to expand 439 
and  fire experiments to validate the spatial metric observations are essential to prove, as 440 
found in this research, high dwelling density and low edge density represent a high risk of 441 
fire spread in informal settlement environments. Finally, spatial metrics in isolation can only 442 
observe the exposure of these informal settlement homes to potential fire spread. It will be up 443 
to communities and authorities to use this information together to develop potential 444 
settlement changes in combination with other potential interventions. 445 
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Figure captions 532 
Fig. 1. City of Cape Town extent showing distribution of informal settlements and location of 533 
Imizamo Yethu and Kosovo. 534 
Fig. 2. Illustration of a) PLAND where the sum of the area of all dwellings (individual 535 
dwelling area (m2) labeled) equals 901 m2 and the settlement area is 1589 m2,  and b) PD 536 
where the number of dwellings equals 27 and the settlement area equals 1589 m2, spatial 537 
metrics using a hypothetical settlement. 538 
Fig. 3. Illustration of Euclidean mean nearest neighbour distance (ENN_MN) using a 539 
hypothetical settlement as example a) dwellings showing the points at which each dwelling is 540 
closest to its nearest neighbour (labels in black are the dwelling ID, labels in red are the 541 
dwelling ID of the nearest neighbour. and b) Nearest neighbour (NN) vectors illustrating 542 
direction and magnitude with the location of the NN distance displayed as the NN connecting 543 
line and the length of the line labelled in red.. 544 
Fig. 4. Fig. 4. Illustration using a hypothetical settlement to demonstrate the calculation of a) 545 
Edge density (ED) where 668.2 is the sum of all dwelling perimeters in the settlement area 546 
(perimeter of individual dwellings labeled in black) and b) Fractal dimension (FD) where 547 
668.2 is the sum of all dwelling perimeters in the settlement areas and 901.6 is the sum of all 548 
dwelling areas (labelled in red) in the settlement area. 549 
Fig. 5. Workflow diagram for extraction of dwelling roof outlines. 550 
Fig. 6. Scatterplot of spatial metrics applied to LiDAR and reference roof datasets a) Patch 551 
density, PD (number of dwellings per AOI), b) Landscape density, PLAND (%), c) Edge 552 
density, ED, d)  Fractional dimension (FD).. 553 
Fig. 7. a) Kosovo blocks and known fires since September 2016 with corresponding b) 554 
settlement block and c) fire burn scar  Landscape density (PLAND) and Edge density (ED) 555 
metrics.  556 
Fig. 8. Imizamo Yethu a) divided in blocks, b) showing fire zones of fire on 17 March 2017, 557 
c) settlement block and d) fire zone Landscape density (PLAND) and Edge density (ED) 558 
metrics. 559 
 560 
Highlights:  561 
 Spatial metrics proposed for fire spread risk in informal settlements. 562 
 LiDAR dataset used to map dwellings in informal settlement in Cape Town. 563 
 LiDAR derived spatial metrics of landscape density and edge density reliable. 564 
 High landscape density with low edge density may indicate high fire spread risk. 565 
 566 
